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2 Deep Q Network
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= J0Ov 278 U: https://www.youtube.com/watch?v=V1eYniJORnk

s AR—R A U R—%—: https://www.youtube.com/watch?v=W2CAghUiofY
= OpenMind selfplay: https://www.youtube.com/watch?v=0Bcjhp4KSgQ
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An Introduction to Reinforcement Learning, Sutton and Barto, 1998, MIT Press, 1998
e hitp://incompleteideas.net/book/the-book.html, Sutton and Barto (1998) (2018 F2kk IRk T /E)

o BN ELFE httos://www.amazon.co.jp/dp/4627826613

Algorithms for Reinforcement Learning, Szepesvari, Morgan and Claypool, 2010
o hitps.//sites.ualberta.ca/~szepesva/papers/RLAIgsINMDPs. paf

T—Ev R - I)L/IN—=DiEE http://wwwO.cs.ucl.ac.uk/staff/d.silver/web/Teaching.html

Vay - va)LNYDETAHERE https://www.youtube.com/watch?v=o0PGVsoBonLM

renm s b E ) https://www.amazon.co.jp/dp/4627880316/
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